This paper presents automatic analysis of some selected human electroencephalographic patterns during deep sleep using the Matching Pursuit (MP) algorithm.
Introduction
Polysomnographic recording is a complementary diagnostic procedure which yields principal clinical and cognitive information about the human brain activity. The sleep EEG patterns may change under the influence of degenerative diseases. Abnormal polysomnograms are successfully used in insomnia treatment and in the diagnosis of illnesses, such as epilepsy, narcolepsy, psychiatric disorders, tumour changes, central nervous system dysfunctions or in the effect of various drugs [5] . Thus, all EEG automatic investigations, which have the purpose of assisting physicians in their visual inspections, are greatly desirable.
Mathematical methods of neuron bioelectrical activity processing, especially polysomnographic signal, are based mainly on time-frequency analysis. The reason for this is that these approximations provide an optimal tool to produce various types of non-stationary signal representations. This approach is useful when there is a need to decompose the signal in detail and identify its most significant components, i.e. both long-and short-time ones, in the same framework [7] . Many of the earlier results showed good compatibility of signal adaptive time-frequency approximations with their visual detections [3] . This is the reason why our approach uses the Matching Pursuit (MP) algorithm with the time-frequency dictionaries.
This paper takes into account basic waves and structures which occur periodically in polysomnographic recordings during deep sleep, such as delta waves and sleep spindles (SS), the most intriguing polysomnographic pattern. SS are rhythmic transients present during non-rapid eye movement (non-REM) sleep. Their spectra concentrate in the range of 11-15 Hz, and the amplitudes mostly do not exceed 50 mV in adult humans. Many early analyses proved the existence of two types of sleep spindles, differentiated on the basis of their frequency and topographical location: low frequency spindles (LFS) more pronounced in frontal derivations with frequency spectrum peak at roughly 12 Hz, and high frequency spindles (HFS) predominant in posterior derivations around 14 Hz [6, 7] . Results of two distinct spindle components have also been confirmed more precisely in brain electrical activity estimation by means of low-resolution electromagnetic tomography (LORETA) [1] . Two areas in the brain were identified as main sources of cortical electrical spindle activity: Brodmann areas 9 and 10 (in frontal cortex) for LFS, and Brodmann area 7 (in precuneus) for HFS. These regions have connections with the dorsal thalamus, where sleep spindles are generated. In this study, several observations of the specific EEG pattern have led to important conclusions about the following tasks: -sleep spindles topography, -sleep spindles correlation between the right and the left brain hemisphere, -percentage contribution and periodicity of sleep waves from deep sleep.
Material
Polysomnographic recordings of 5 healthy volunteers (two females and three males, aged 20-57 years, mean age 33 years) were considered in the study. None of these 
Methods Matching Pursuit algorithm
The iterative method of Matching Pursuit introduced by Mallat and Zhang in 1993 [4] is based on adaptive description of the tested signal by means of a huge function dictionary
, , , K , where g i = 1. At first, the waveform g g 0 which creates a maximal scalar product with the signal, is selected from the dictionary. Thus the fitting to the signal is most significant. In each successive step, the analytic function g n g (pattern) is made running along the analyzed signal R x n , yielding as a result a correlation function and a residual function. The best matching pattern and the corresponding time distribution of pattern-signal likelihood are adopted as decomposition coefficients, while the residual function is subject for further decomposition. After n steps of decomposition, the signal can be expressed as a convolution of n analytic signals weighted by the (time-pattern) decomposition coefficients and the residual signal not sufficiently well fitting to any of the dictionary component. These operations are presented below by the following set of equations [3] :
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When the particular time-frequency waveforms (atoms) have been fitted to the analyzed signal, the procedure is convergent to x:
A redundant dictionary from which the functions are chosen consists of waveforms g g (t). They are generated by translating (u), scaling (s) and modulating the window function
Since Gabor function has an optimal localization in the time-frequency space, it is perfectly suitable for a dictionary construction. In most applications, the signal x(t) is a real function and then it is defined as:
where: K( , ) g j is a normalizing factor such that g( , ) g j =1, and j is a phase.
In high-resolution time-frequency studies the Matching Pursuit is undoubtedly highly predominant over other methods. Sleep EEG recordings have the structures which differ in their time span, frequency and shape. There appear both long rhythmical components and transients with instantaneous frequency, so the use of MP and Gabor functions for the analysis is clearly justified.
EEG structure parameterization
Signals from each of the fifteen channels were decomposed separately into stochastic time-frequency dictionaries of Gabor functions in epochs of 20 s. To that aim, free MP4 software (available from http://eeg.pl/mp) was used. Exact threshold criteria for the corresponding structures are given in Table 1 . Following
Durka [2] , the frequency range of sleep spindles was fixed slightly wider than the classical range which is between 12 and 14 Hz. A parametric description of the signal is a very convenient starting point for further investigations. Such a decomposition and complete dictionary of Gabor functions make it possible to inspect signal properties and establish many interesting relationships between them. A large number of spatial distributions and dependencies can easily be made up.
Percentage contributions and their autocorrelation functions
The first observation in our study involved calculating the percentage contribution of some selected EEG structures, such as delta waves and sleep spindles from the deep sleep stadium of a nightlong sleep. Each sample of the signal in a given time period of 20 s was verified if it was included in the time range of any atoms corresponding to slow waves or sleep spindles. Then all samples which satisfied this criterion were totalized and the percentage contributions depending on time were prepared. Autocorrelation functions of calculated contributions were obtained from the following formula:
where: k is the time shift in samples, N is the number of all signal samples, x mean is the signal mean value, and s is the standard deviation of the analyzed signal. Observation of the time evolution of delta waves suggests that there is a decrease in their contribution towards the end of the sleep. This is the time when the human body rests and regenerates.
Topography of sleep spindles
It can be seen ( Figure 1 and Figure 2 ) that low-and high-frequency spindles predominate in various regions of the brain. Frontal electrodes registered a larger number of LFS in contrast to parietal electrodes where HFS predominate. These two pictures were extracted for one typical volunteer, but other subjects revealed similar relationships. 
Discussion
In this study, we have proposed the automatic analysis of the human polysomnographic activity during nightlong sleep. The method of Matching Pursuit provides a complete description of the sleep EEG patterns. These patterns consist of different frequency waves and other specific structures. The most important fact when using the MP is a possibility of providing a description of EEG structures depending on their frequency, amplitude, occurrence and duration in time. The obtained signal description can lead to various significant conclusions.
In accordance with the expectations, the percentage contributions of structures from the deep sleep stadium repeated periodically during overnight sleep and the contribution of delta waves decreased with sleep time. The correspondence of the scalp region and the dominant frequency was also observed in our research. Moreover, amplitude-weighted average frequencies of sleep spindles had an increasing tendency from the frontal to the posterior electrodes, and the values of the dominant frequency from the left and the right brain hemisphere were directly correlated.
Conclusions
A Matching Pursuit method demonstrated its ability of providing a detailed decomposition of an EEG pattern, especially polysomnographic recordings. The main advantage of this method is its high resolution in the time-frequency domain. Our research confirmed some previous analysis concerning the contribution, periodicity and topography of specific EEG patterns. Therefore, we are now preparing new detailed inspection of sleep spindle mean frequency symmetry of both brain hemispheres. Our results have stimulated us to undertake further study of the correspondence between LFS and HFS sleep spindle topography so as to obtain a better understanding of the neurophysiological mechanisms of sleep spindles. 74 Magdalena M. Smolen
